Abstract The aim of this study is to produce landslide susceptibility mapping by probabilistic likelihood ratio (PLR) and spatial multi-criteria evaluation (SMCE) models based on geographic information system (GIS) in the north of Tehran metropolitan, Iran. The landslide locations in the study area were identified by interpretation of aerial photographs, satellite images, and field surveys. In order to generate the necessary factors for the SMCE approach, remote sensing and GIS integrated techniques were applied in the study area. Conditioning factors such as slope degree, slope aspect, altitude, plan curvature, profile curvature, surface area ratio, topographic position index, topographic wetness index, stream power index, slope length, lithology, land use, normalized difference vegetation index, distance from faults, distance from rivers, distance from roads, and drainage density are used for landslide susceptibility mapping. Of 528 landslide locations, 70 % were used in landslide susceptibility mapping, and the remaining 30 % were used for validation of the maps. Using the above conditioning factors, landslide susceptibility was calculated using SMCE and PLR models, and the results were plotted in ILWIS-GIS. Finally, the two landslide susceptibility maps were validated using receiver operating characteristic curves and seed cell area index methods. The validation results showed that area under the curve for SMCE and PLR models is 76.16 and 80.98 %, respectively. The results obtained in this study also showed that the probabilistic likelihood ratio model performed slightly better than the spatial multicriteria evaluation. These landslide susceptibility maps can be used for preliminary land use planning and hazard mitigation purpose.
Introduction
The complexity of the earth system's behavior makes it extremely difficult to accurately forecast the future of the earth system, and presents a major challenge to the global change research community (Pielke et al. 2003; Gokceoglu and Sezer 2012) . Landslides are a part of the earth surface processes, while considered as one of the most dangerous natural hazards that may follow triggering events (e.g., extreme rainfall and earthquakes) in mountainous areas, causing loss of human life and damage to property (Tien Bui et al. 2012b) . Thus, it is necessary to assess landslide susceptibility to facilitate forecasting of this phenomenon. Areas which are predicted as highly susceptible to landslides are the areas where further slope failure is likely to occur . Hence, landslide susceptibility maps rank different sections of land surface according to the degree of actual or potential hazard; thus, planners are able to choose favorable sites for urban and rural development (Parise 2001 ). In the literature, different approaches have been used to make landslide susceptibility maps. Many studies have evaluated landslide susceptibility using geographic information system (GIS), and many of these studies have utilized probabilistic models (Ozdemir 2009; Yilmaz 2010; Oh and Lee 2010; Oh and Lee 2011; Pourghasemi et al. 2012a, b; Mohammady et al. 2012) . Also, statistical analysis is the most frequent method in publications (Aleotti and Chowdhury 1999) , including bivariate analysis (e.g., Constantin et al. 2011; Yalcin et al. 2011; Yilmaz et al. 2012) , multivariate analysis (Komac 2006; Piegari et al. 2009; Nandi and Shakoor 2010) , and logistic regression (Pradhan et al. 2008; Pradhan 2010a; Devkota et al. 2012; Choi et al. 2012; Felicisimo et al. 2012) . Other different methods have been proposed by several authors, including index of entropy (Bednarik et al. 2010; Constantin et al. 2011; Pourghasemi et al. 2012c; Devkota et al. 2012; Wan 2012; Pourghasemi et al. 2012f ), decision tree (Nefeslioglu et al. 2010; Yeon et al. 2012) , analytical hierarchy process (Ayalew et al. 2004; Komac 2006; Yalcın 2008; Ercanoglu et al. 2008; Akgun and Turk 2010; Pourghasemi et al. 2012d; Hasekiogullari and Ercanoglu 2012) , multi-criteria decision analysis (Akgun and Turk 2010; Kritikos and Davies 2011) , fractal theory , evidential belief function Tien Bui et al. 2012c) , and support vector machine (Yao et al. 2008; Yilmaz 2010; Marjanović et al. 2011; Xu et al. 2012; Tien Bui et al. 2012b; Ballabio and Sterlacchini 2012; Pourghasemi et al. 2012g; Pradhan 2012) .
In the recent years, soft computing techniques such as artificial neural networks by (Gomez and Kavzoglu 2005; Ermini et al. 2005; Melchiorre et al. 2008; Nefeslioglu et al. 2008; Pradhan and Pirasteh 2010; Song et al. 2012b; Pradhan 2011c; Zare et al. 2012) , fuzzy approaches (Juang et al. 1992; Binaghi et al. 1998; Gokceoglu 2002, 2004; Champati ray et al. 2007; Gorsevski and Jankowski 2008; Pourghasemi 2008; Tangestani 2009; Pradhan 2010b , c: Pradhan, 2011a Pradhan et al. 2009; Akgun et al. 2012; Pourghasemi et al. 2012d) , and some hybrid methods, including the neuro-fuzzy model (Kanungo et al. 2006; Lee et al. 2009; Vahidnia et al. 2010; Pradhan et al. 2010a, b; Oh and Pradhan 2011; Sezer et al. 2011; Tien Bui et al. 2011; Song et al. 2012b) , and fuzzy logic analytical hierarchical process (AHP) analysis (Gorsevski et al. 2006 ) have been extensively used for the landslide susceptibility assessment.
The geotechnical and the safety factor model enable spatialization of landslide hazard analysis, and scenarios can be examined by changing the input parameters (Gokceoglu et al. 2000; Okimura and Kawatani 1987; Dietrich et al. 1995; Terlien et al. 1995) . The main limitation of geotechnical and safety factor-based methods is that they are feasible only for areas where landslide types are simple and geomorphic and geologic properties are fairly homogeneous (Van Westen and Terlien 1996) . Also, the conventional geotechnical approaches are difficult to be applied in regional landslide susceptibility assessments. The scale must be too large, and it is impossible to apply on the large areas. For this reason, we considered statistical-based approaches in the study area.
So, this paper evaluates the landslide susceptibility mapping in Tehran metropolitan using a probabilistic likelihood ratio and spatial multi-criteria evaluation models, GIS and remote sensing techniques. The main difference between the present study and the approaches described in the aforementioned publications is that a probabilistic likelihood ratio (PLR) and spatial multi-criteria evaluation (SMCE) GISbased models were applied, and their results were compared.
Study area
The study area is located in the north part of Tehran metropolitan, Iran between longitudes 51°05′ 26″ E and 51°50′ 30″ E, and latitudes 35°45′ 50″ N and 35°59′ 16″ N (Fig. 1) . It covers an area of about 900 km 2 . The altitude of the area ranges from 1,349.5 to 3,952.9 a.m.s.l. The major land use of the study area consists of rangeland and covers almost 90.5 % of it. The slope angles of the area range from 0°to as much as 83°.
The mean annual rainfall according to Fasham station in a period of 37 years is around 700 mm. Also, based on the records from the Iranian Meteorological Department (I.R. of Iran Meteorological Org (IRIMO) 2011), the maximum and minimum rainfall occurs in April and September, respectively.
According to geological survey of Iran (GSI 1997) , the lithology of the study area is various, and 33.97 % of it is covered by group 5 (Table 1) (GSI 1997) .
Landslides are a very common phenomenon in the north of Tehran due to its climate condition. Most of these landslides occur near the rivers and valleys. Velenjak region located in the northwest of Tehran is one of most sensitive areas. Some other prone regions include Ozgol, Dar Abad, north of Saadat Abad, north of Emam Zadeh Ghasem, Oushan-Fasham road, Meygoon, north of Lavasan, north of Kan, and Golab Darreh. Population density and high price of lands of these areas are the main reasons for landslide susceptibility mapping, which can be used for optimum management and also avoidance of susceptible regions.
Spatial database
For the landslide susceptibility mapping, the main steps were data collection and construction of a spatial database from which the relevant landslide conditioning factors are extracted. This stage is the most important part of landslide susceptibility and hazard mitigation studies (Guzzetti et al. 1999; Ercanoglu and Gokceoglu 2004; Kincal et al. 2009 ). The spatial database for the study area is shown in Table 2 . Since landslide occurrences in the past and present are keys to future spatial prediction (Guzzetti et al. 1999 ), a landslide inventory map is a prerequisite for such a study. Accurate detection of landslide locations is very important for probabilistic landslide susceptibility and hazard analysis . In the first step, landslides were detected in the study area by interpretation of aerial photographs, satellite images, and extensive field surveys. A total of 528 landslide locations were identified and mapped in GIS at 1:25,000 scale (Fig. 1) . In this research, we used the landslide classification system proposed by Varnes The basic data sets that have been used to generate thematic layers are the topographic maps at1:25,000 scale, geological maps (1:100,000 scale), and the satellite IRS-P5 (LISS-III by 23.5 m spatial resolution), and the IRS-P6 (panchromatic by 2.5 m spatial resolution) remote sensing images. All the data layers were constructed on a 10×10-m grid cell, with area of 2,452 lines and 6,768 columns. A total of 17 landslide conditioning factors were taken into computations, which are slope degree, slope aspect, altitude, plan curvature, profile curvature, surface area ratio (SAR), topographic position index (TPI), topographic wetness index (TWI), slope length (LS), and sediment transport index, lithology, land use, normalized difference vegetation index (NDVI), distance from rivers, distance from roads, distance from faults, and drainage density. The contour lines for the study area were produced from 13 adjacent topographical sheets (1:25,000 scale), with the contour interval of 10 m from the national cartographic center of Iran. A digital elevation model (DEM) was created of these contour lines and points with 10-m resolution. Using this DEM, slope degree, slope aspect, altitude, plan curvature, profile curvature, SAR, and TPI were produced ( Fig. 2a-g ).
The slope degree is one of the most important factors that influence slope stability (Lee and Min 2001) . Because the slope degree is directly related to the landslides, it was used in preparing a landslide susceptibility map. This map is prepared from the DEM, and reclassified into five categories namely: (1) 0-5°, (2) 6-15°, (3) 16-30°, 31°-50°, and (4) >50° (Fig. 2a) . Slope aspect strongly affects hydrologic processes via evapotranspiration and thus affects weathering processes and vegetation and root development, especially in drier environments (Sidle and Ochiai 2006) . Hence, it could be an important condition factor on landslide in the study area. Aspects are grouped into nine classes including eight directions and flat (Fig. 2b) . Altitude was taken directly from a 10-m DEM and classified to six categories such as <1,500, 1,500-2,000, 2,000-2,500, 2,500-3,000, 3,000-3,500, and >3,500 m (Fig. 2c) . Altitude is an important factor on landslide occurrence because weather and climate conditions vary greatly at different elevations, and this caused differences in soil and vegetation (Aniya 1985) . High altitudes may facilitate increased weathering of rocks due to freeze-thaw processes, while low elevations tend to enable thicker colluviums deposits to be formed (Dai and Lee 2001) .
Plan curvature and profile curvature describe the type of slopes, and are significant factors that may cause landslides (Atkinson and Massari 2011; He et al. 2012 ). Plan curvature is described as the curvature of a contour line formed by intersecting a horizontal plane with the surface (Fig. 2d) . The influence of plan curvature on the slope erosion processes is the convergence or divergence of water during downhill flow (Ercanoglu and Gokceoglu 2002; Oh and Pradhan 2011) . The profile curvature is curvature of corresponding normal section, which is tangential to a flow line (Fig. 2e) . It is negative when the normal section concavity is directed up, and positive in the opposite case (Hengl et al. 2003) . It shows the flow acceleration, erosion (negative values)/deposition (positive values) rate and gives a basic idea of geomorphology (Yesilnacar 2005) . In addition, the profile curvature is important because it controls the change of velocity of mass flowing down the slope (Talebi et al. 2007 ). The plan and profile curvature maps were produced using a system for automated geoscientific analyses GIS.
Surface area ratio is a basis for a measure of landscape topographic roughness and convolutedness (Fig. 2f) . The surface area ratio of any particular region on the landscape can be calculated by the following equation (Jenness 2002):
Where A is the surface area of that region and A s is the planimetric area. High roughness slopes are more prone to landsliding because gradient changes favor rainfall infiltration into the soil and thus its instability.
The TPI is another factor which reflects the difference in elevation between a focal cell and all cells in the neighborhood (Jenness 2002) . This factor provides a simple and powerful means to classify the landscape into morphological classes Fig. 2g ). In many publications (Yesilnacar and Topal 2005; Nefeslioglu et al. 2008; Yilmaz 2009a, b; Akgun and Turk 2010; Oh and Lee 2011; Pradhan 2011a; Pradhan et al. 2011; Wang et al. 2011; Costanzo et al. 2012; Pourghasemi et al. 2012a, b, c, d) , TWI, stream power index (SPI), and LS were considered as a secondary topographical attributes for landslide susceptibility mapping ( Fig. 3a-c ). In the current research, these factors were computed based on the following equations (Beven and Kirkby 1979; Moore and Burch 1986; Moore et al. 1991) :
Slope length ¼ A S =22:13 ð Þ 0:6 Â sin b=0:0896 ð Þ
where β is slope in degree. Types of lithology and structural geology play an important role in landslide susceptibility occurrence. With the impact of rainfall or an earthquake, different lithological units show substantial differences in landslide susceptibility (Song et al. 2012a ). The geological maps of the study area, 1:100,000 series, sheet numbers 6,361 (east of Tehran), and 6,261 (Tehran) prepared by Geological Survey of Iran, is digitized in ILWIS 3.3 software. The study area is covered with various types of lithological units. The general geological setting of the area is shown in Fig. 4 , and the lithological properties are summarized in Table 1 in detail.
The land use and NDV were derived from Indian remote sensing (IRS) images by sensors LISS III (23.5×23.5 m) and panchromatic (2.5×2.5 m). The supervised classification and maximum likelihood algorithm are assigned in order to create these maps for the study area. The land use map has been classified into eight classes such as range land, agriculture, forest, orchard, cliffs, settlement area, shrub, and water body (Fig. 5) . The range land covers almost 90.5 % of the study area. The normalized difference vegetation index (NDVI) value was calculated using the following equation:
where IR and R values are the infrared and red portion of the electromagnetic spectrum, respectively. The NDVI (Fig. 6 ) is closely related to the vegetation cover. The effect of vegetation on the LSI is complex, and it is determined by the interaction of four different factors: mechanical stabilization due to the presence of roots, soil moisture depletion as a result of transpiration, surcharge from the weight of trees, and wind-breaking (Nilaweera and Nutalaya 1999; Song et al. 2012a) . Overall, the large area of forest cover has a relatively low probability of landslides. Geological faults have been considered as a factor that may influence landslides. In addition, the degree of fracturing and shearing plays an important role in determining slope instability (Varnes 1984) . The distance form faults map was extracted of geology maps at 1:100,000 sclae, and then, buffer categories were defined as 0-200, 200-400, 400-600, 600-800, and >800 m (Fig. 7a) . Distance from rivers was computed based on river networks from topographic maps. Six different buffer zones were created within the study area to determine the degree to which the streams and rivers affected the slopes (Fig. 7b) . Distance from roads has been considered as one of environmental factors influencing landslides because of road cuts (Ayalew and Yamagishi 2005) . Five different buffer zones are created on the path of the road to determine the effect of the road on the stability of slope (Fig. 7c) . The drainage density map shows the flow of water throughout the study area and defined as the ratio of sum of the drainage lengths in the cell and the area of the corresponding cell (Sarkar and Kanungo 2004) . The drainage density was computed considering a 10×10-m grid cell which ranges from 0.0002 to 0.013 km/km 2 and is classified into three classes (Fig. 8 ).
Methodology

Probabilistic likelihood ratio
In nature, the processes of landslide are quite complicated. Although many main factors that influence landslide are recognized, there are many things that recent physical models cannot consider or model. For analyzing in general interrelationship in landslide prediction, it is necessary to assume that landslide occurrences are determined by landsliderelated factors, and that future landslides will occur under the same conditions as past landslides (Lee and Talib 2005; Lee and Pradhan 2006) . Based on this assumption, the relationships between landslides occurring in an area and the landslide-related factors can be distinguished from the relationships between landslides not occurring in an area and the landslide-related factors. The likelihood ratio represents the distinction quantitatively. It is the ratio of the area where landslides occurred to the total study area, and is the ratio of the probabilities of a landslide occurrence to a non-occurrence for a given factor's attribute 
Spatial multi-criteria evaluation
Planning is a decision-making method that analyzes the problems, identifies the opportunities for changes, and appraises the alternatives taking into consideration environment, economic, and social conditions that lead to the transformation of a current situation to the best option in order to minimize costs and maximize benefits (Rahman and Saha Fig. 5 The land use map of the study area Fig. 6 The NDVI map of the study area 2008). Landslide susceptibility mapping is a prerequisite for land use planning and hazard mitigation purpose. Due to this, we tried to use of a new technique in landslide susceptibility analysis as spatial multi-criteria evaluation. The multi-criteria evaluation (MCE) is a decision support approach in which alternatives are compared and evaluated through tree-like hierarchies of objectives and criteria (Boerboom et al. 2009 ). In spatial multi-criteria evaluation (SMCE), the alternatives are locations in the form of points, lines, areas, or grid cells, and therefore, criteria could occur in the form of maps (Herwijnen 1999) . Thus, SMCE is an applied science-based method that combines spatial analysis using GIS and MCE to transform spatial and non-spatial input which generates output decision (Malczewski 1999; Hizbaron et al. 2011) . The output of spatial multi-criteria evaluation including one or more maps of the same area as composite index maps indicates the extent to which criteria are met or not in different areas, and thereby supports planning and/or decision making (Rahman and Saha 2008). The theoretical background for the multi-criteria evaluation is based on the AHP developed by Saaty (1980) . There are several phases in conducting the SMCE, such as problem tree analysis, standardization, weighting, and map generation. The problem tree analysis assumes multi-goals and multi-criteria to expose relationship among relevant criteria for main objective which generally clusters into group factors or constraints (Sharifi and Retsios 2004) . Problem tree analysis covers setting up main goals, criteria, and factors. As it employs multi-criteria, thus each criterion holds certain range scale value (Hizbaron et al. 2011) . Once all the criteria and related maps or attribute tables are entered in the criteria tree, the criteria have to be standardized (Looijen 2010) . The values in the various input maps have different meanings, and are probably expressed in different units of measurement (e.g., land use classes, percentages, meters, distance in meters, etc.). In order to compare the criteria with each other, all values need to be standardized, i.e., transformed to the same unit of measurement. In order to Fig. 7 a Distance from faults, b distance from rivers, c distance from roads Fig. 8 The drainage density map of the study area standardize input maps in SMCE environment, one of the standardization methods such as numerical, Boolean, and qualitative methods can be used (Nafooti and Chabok Boldaje 2011 ). An output standardization value of 0 means that the input value is perceived to have low landslide susceptibility, and an output standardization value of 1 means that the input value is perceived to have high landslide susceptibility. Finally, the landslide conditioning factors are weighted by means of direct, pairwise, and rank ordering comparison, and the output is a composite index map (Castellanos and Van Westen 2007) . Figure 9 presents an overview of the various components of the landslide susceptibility method.
Results
Probabilistic likelihood ratio
The results of spatial relationship between landslide and conditioning factors using probabilistic likelihood ratio model are shown in Table 2 . In the mentioned Table, for the slope degree between 16°and 30°, the PLR was 1.23, which indicates a very high probability of landslide occurrence. It can be noticed that 52.43 % of landslides occurs in this class. Similarly, for the slope degree between 0°and 5°, 6°and 15°, and >50°, the ratio was <1 (0.12, 0.27, and 0.38, respectively), which indicates a very low and low probability of landslide occurrence. In the study area, we observed that when slope gradient is increasing, frequency ratio is decreasing. Althuwaynee et al. (2012) reported that with the slope between 0°and 15°, the value is lower because of the direct proportion between slope and failure. In the case of slope aspect, landslides were most abundant on northeastfacing (1.89), east-facing (1.32), and north-facing (1.27) slopes. Thus, slopes facing to those are highly susceptible to landslides, whereas the frequency ratio of landslide was lowest on flat and south-facing slopes. In the study area, these facings have higher humidity, so are very susceptible to landslide occurrence. The relationship between landslide occurrence and altitude reflects that the elevations between 2,000 and 2,500 m; 2,500 and 3,000 m; and 3,000 and 3,500 m have a frequency ratio >1, indicating that the probability of occurrence of landslide in these altitudes is high. Meanwhile, altitude >3,500 m has a low frequency ratio (0.61). Pachauri and Pant (1992) stated that the higher elevation shows a greater susceptibility to sliding. However, in this research and based on the results of Ercanoglu and Gokceoglu (2002) , the higher topographical elevation is formed by the lithological units resistant to landslide and has a low frequency ratio. Based on the results of the probabilistic likelihood ratio model (Table 1) , the more positive or negative the curvature value, the higher the probability of landslide occurrence. Flat areas had a low curvature value of 0.79, whereas convex-shaped areas had the highest value of 1.03. The reason for this is that a convex rounded hilltop slope could be exposed to repeated dilation Fig. 9 The flow chart for landslide susceptibility mapping using the SMCE model in the study area and contraction of loose debris on an inclined surface that might induce a creeping or mudslide due to heavy rainfall. In the case of profile curvature, most of the landslides occurred in straight class with PLR value of 1.08. This means that the landslide probability is higher in this class. In profile curvatures, slope stability slightly increases when plan shape changes from concave to convex. However, this effect is more pronounced when it changes from straight to convex. For surface area ratio factor, the value 1 represents smooth areas, and higher values represent roughness parts. So, the frequency ratio for the SAR was high in 1.1-1.2 class, which indicates a high probability of landslide occurrence. The topographic position index value showed that slopes are considered to be susceptible to landslide process with values 1.23 than canyons and ridge areas. In the case of topographic wetness index, the higher frequency ratio values were found for classes of 8-10 (1.26) and 6-8 (1.05), whereas the TWI >10 has the least susceptibility probability to landslide (PLR=0.19). This factor describes the effect of topography on the location and size of saturated source areas of runoff generation under the assumption of steady-state conditions and uniform soil properties (i.e., transmissivity is constant throughout the catchments and equal to unity). The SPI is a measure of the erosive power of water flow based on the assumption that discharge (q) is proportional to a specific area of a catchment. Relation between stream power index and landslide occurrence probability showed classes of 600-900 and 0-300 and have values of 1.45 and 0.65, respectively. Similarly, for slope length, class 60-90 has the most frequency ratio value (1.21). Thus, this class is very susceptible and hazardous to landslide process. The slope length revealed that the physical meaning of this factor is the extent of sediment transportation controlled by a specific area of a catchment and the slope gradient. For lithology factor, groups 7 and 3 (see in details in Table 1 ) have a high frequency ratio (2.36, 1.32), indicating that the probability of occurrence of landslide in these lithological units is high. In case of lithology, group 2 has a value 0.00, thus is nonsusceptible to landslide. In the case of land use, it can be seen that 98.65 % of landslide falls on rangeland area with value of 1.09, indicating that the probability of occurrence of landslide in this land use type is very high. The NDVI factor shows that the range between 0.05-0.1 and >0.5 is relatively favorable (high susceptible) and unfavorable (non-susceptible) for landslide occurrence. Their PLR values are 1.13 and 0.00, respectively. In the range between 0.05-0.1 and >0.5, the study area generally covers by sparse vegetation and dense vegetation and tropical rainforest, respectively. Distance 600-800 and above 800 m from faults show high favorability to landsliding compared to the other classes. The result of distance from rivers shows that class between 100-200 and 200-300 m is considered to be susceptible with values 1.13 and 1.36, respectively. The farther the distance from the rivers, the lower the landslide occurrence probability compared to areas close to the rivers. Assessment of distance from roads showed that distances of 300-400 and >400 m have high correlation with landslide occurrence. According to the frequency ratio and its results for road buffers, landslide pixels proportionally increase with increased distance from roads. While this appears to go against the visible pattern of more failures close to roads, it is likely due to a few large landslides where no roads are present. As a result, the large slides increase the percentage of landslide pixels occurring far from roads. The drainage density <0.0018 km/km 2 has the largest frequency ratio value (PLR=1.22), which means the attributes of this class have the strongest relationship with landslide occurrence. It can be observed that as the drainage density increases, the landslide frequency generally decreases. Several researches (Pachauri et al. 1998; Nagarajan et al. 2000; Cevik and Topal 2003; Yalcin 2005) emphasized that the higher drainage density, the lower infiltration and the faster movement of surface flow.
Finally, the probabilistic likelihood ratios of each factor's type or class were summed to calculate the landslide susceptibility map (LSM), as shown in Eq. 7 (Lee 2004) :
In the above equation, if the LSM value is high, it means a higher susceptibility to landslide; a lower value means a lower susceptibility to landslides (Lee 2004 ).
Spatial multi-criteria evaluation
Spatial multi-criteria evaluation is a technique that assists stakeholders in decision making with respect to a special goal. It is an ideal tool for transparent group decision making, using spatial criteria, which are combined and weighted with respect to the overall goal (Van Westen 2012). After the selection of the indicators, their standardization, and the Very strongly An activity is strongly favored over another and its dominance is showed in practice. 9
Extremely The evidence of favoring one activity over another is of the highest degree possible of an affirmation. 2, 4, 6, 8 Intermediate values Used to represent compromises between the preferences in weights 1, 3, 5, 7, and 9. Reciprocals Opposites Used for inverse comparison. definition of indicator weights, the analysis was carried out using an ILWIS GIS script to obtain the composite index maps and the final landslide susceptibility map. The SMCE was built based on analyzing the weight value in bivariate statistical analysis for classes of conditioning factors (Table 3 ). In the next step, weight value of these factors is standardized from their original values to the value range of 0-1. It is important to notice that the indicators have different measurement scales (nominal, ordinal, and interval). The standardization process is different if the indicator is a "value" map with numerical and measurable values (interval and ratio scales) or a "class" map with categories or classes (nominal and ordinal scales). For standardizing value maps, a set of equations can be used to convert the actual map values to a range between 0 and 1 (Nafooti and Chabok Boldaje 2011) . In this research, for standardization of the scale in thematic layers the fuzzy logic method was used. The fuzzy set representations of the conditioning parameters of the landslides are obtained as follows:
All comparisons are based on pairwise method proposed by Saaty (1980) namely analytical hierarchy process (Table 4) . AHP is a multi-objective, multi-criteria decisionmaking approach which enables the user to arrive at a scale of preference drawn from a set of alternatives (Saaty 1980) . Generally, criteria for landslide susceptibility mapping are divided in four groups (sub-objectives) such as environmental, hydrological, geological, and geomorphological factors. They are the input for the SMCE analysis. Each group will be represented by several indicators:
(a) the environmental group consists of distance from road, land use, and NDVI; (b) hydrological group includes distance from river, stream power index, topographic wetness index, and drainage density; (c) geological group contains lithology and distance from faults; (d) geomorphological factors consist of slope degree, slope aspect, altitude, plan curvature, profile curvature, topographic position index, slope length, and surface area ratio (Fig. 9) . Using the AHP method, the levels of the influence of sub-objectives were generated (Table 5) . Based on our results in expert choice software, it can be seen that geomorphological factor has the most influence on landslide occurrence (0.460). On the other hand, the environmental factor which has less influence was categorized in the lowest level (0.088). Also, weight value of main indicators for the study area was calculated by analytical hierarchy process (Tables 6, 7, 8, and 9) . Based on the results in Table 6 (environmental factors), it can be seen that land use conditioning factor is more susceptible to landslide (weight value=0.539). On the other hand, the distance from roads is less prone to landslide as it has value of 0.164. For hydrological factors (Table 7) , weight corresponding to distance from rivers (0.477) is large, whereas topographic wetness index is lowest (0.128). In geological factors (Table 8) , lithology has a higher probability of occurrence than the distance from fault and therefore received a higher weight (0.833 vs. 0.167). In the case of geomorphological factors (Table 9) , it was observed that slope degree, slope aspect, plan curvature, profile curvature, altitude, TPI, LS, and SAR have a weight value of 0. 293, 0.126, 0.176, 0.176, 0.082, 0.067, 0 .053, and 0.028, respectively. As a result, the slope degree is highly prone to landslide occurrence, and in contrary, surface area ratio has the lowest impact in landslide susceptibility. For all cases of the gained class weights (sub-objective and indicators), the inconsistency ratios are less than 0.1; the ratio indicates a reasonable level of consistency in the pairwise comparison that was good enough to recognize the class weights.
Finally, the spatial multi-criteria evaluation for study area was designed in tree model in SMCE module of ILWIS software (Fig. 10) . Based on the criteria identified and the spatial multi-criteria evaluation performed, landslide susceptibility maps (composite index maps) for each of the four considered groups were generated. These are shown in Fig. 11 . Finally, the final landslide susceptibility map by SMCE model was created by aggregation of composite index maps of sub-objectives to the overall composite index map. The landslide susceptibility maps (SMCE and PLR) were reclassified into four relative susceptibility classes: high, moderate, low, and very low (Fig. 12 ) based on natural break classification scheme (Pourghasemi et al. 2012c, e) . Validation of the landslide susceptibility map
In landslide susceptibility modeling, the most important component is to perform validation of the prediction results. Without validation, the predicted model and prepared maps are totally wasteful and have any scientific significance (Chung and Fabbri 2003) . Three basic techniques can be used to obtain an independent sample of landslide for validating a landslide susceptibility map (Remondo et al. 2003; Irigaray et al. 2007 ):
1. The original inventory is randomly split into two groups, one for the susceptibility analysis and one for validation;
2. The analysis is carried out in a part of the study area, and the susceptibility map thus prepared is tested in another part with different landslides; 3. The analysis is made using landslides generated in a certain period, and validation is performed by means of landslides that occurred in a different period. In this research, we used the first method which was proposed by several researches Oh and Lee 2010; Oh and Pradhan 2011; Pradhan et al. 2011 , Tien Bui et al. 2012a Pourghasemi et al. 2012c; Devkota et al. 2012 ).
Receiver operating characteristic curves
The receiver operating characteristic (ROC) curve is a useful method of representing the quality of deterministic and probabilistic detection and forecast systems (Swets 1988) . The area under the ROC curve (AUC) characterizes the quality of a forecast system by describing the system's ability to anticipate correctly the occurrence or non-occurrence of pre-defined "events" (Negnevitsky 2002 ). The ROC curve plots the false positive rate on the X axis and the true positive rate on the Y axis. It shows the trade-off between the two rates (Negnevitsky 2002) . The ROC curves can be summarized quantitatively with the help of the area under the ROC curve, which will give the accuracy of the developed model for predicting the landslide susceptibility (Mathew et al. 2009 ). The quantitative-qualitative relationship between AUC and prediction accuracy can be given as follows: 0.9-1, excellent; 0.8-0.9, very good; 0.7-0.8, good; 0.6-0.7, average; and 0.5-0.6, poor (Yesilnacar 2005) . The ROC curves were obtained using the validation dataset 30 % (158 landslide locations). The result of the ROC curves test is illustrated in Fig. 13 . These curves indicate that the SMCE model (Fig. 13a) has relatively lower prediction performance than the PLR model (Fig. 13b) . ROC plot assessment results show that in the susceptibility map using SMCE model, the AUC was 0.7616 and the prediction accuracy was 76.16 %. But in the landslide susceptibility map using PLR model, the AUC was 0.8098 and the prediction accuracy was 80.98 % (Fig. 13b) .
Seed cell area index
In order to assess the reliability of the landslide susceptibility maps produced by PLR and SMCE models, we used seed cell area index (SCAI). The SCAI method was proposed by Suzen and Doyuran (2004) . The logic behind SCAI lies in the correct classification of seed cells within a very conservative areal extent, and it is expected that the high and very high susceptibility classes should have very small SCAI values, and low and very low susceptibility classes will have higher SCAI values (Kincal et al. 2009; Akgun and Turk 2010; Akgun 2012) . The landslide susceptibility area percent values are divided by the landslide seed cell percent values to develop the seed cell area index density of landslides among the classes (Table 10 ). In Table 10 , it can be seen that that the generated map is accurate because the high and very high susceptibility classes have very low SCAI values, whereas the SCAI values of the very low and low susceptibility classes are very high. This result confirms the result of (Kincal et al. 2009; Akgun and Turk 2010; Akgun 2012 ) as the SCAI value should decrease from low to very high susceptibility zones.
Conclusion
Over the last three decades, the regional landslide susceptibility assessment has been one of the hot topics in the international landslide literature because this assessment is a difficult and non-linear problem. The main goal of the current study was to produce landslide susceptibility mapping by probabilistic likelihood ratio (PLR) and spatial multi criteria evaluation (SMCE) models based on GIS in the north of Tehran metropolitan, Iran. Seventeen data layers are exploited to detect the most susceptible areas. These factors are slope degree, slope aspect, altitude, plan curvature, profile curvature, surface area ratio (SAR), topographic position index (TPI), topographic wetness index (TWI), stream power index (SPI), slope length (LS), lithology, land use, normalized difference vegetation index (NDVI), distance from faults, distance from rivers, distance from roads, and drainage density. Finally, the two landslide susceptibility maps were validated using receiver operating characteristic (ROC) curves and SCAI. The validation results show that the probabilistic likelihood ratio model has slightly better predication rate accuracy (80.98 %) which is better than the spatial multi-criteria evaluation (76.16 %) model. Also, reliability of the landslide susceptibility maps produced by seed cell area index was confirmed in the study area.
The main characteristic of SMCE method is that there are no rules in designing and organizing the criteria tree, in the assignment of the weights, or in the normalization process. In fact, defining the value functions is one of the major discussion topics in the multi-criteria evaluation procedure. However, SMCE is a very flexible tool that can be applied in many cases with very different data sets, even in poor data conditions; it is also a weakness for the mentioned approach. Because of it, it is up to the assessor teams to define whether or not all relevant criteria are included in the assessment. So, the results obtained in the research showed that the frequency ratio and spatial multi-criteria evaluation models have a reasonably satisfactory performance. However, in landslide susceptibility mapping, hazard risk estimation, and assessment of its performance, the main step is quality of the available data, and it depends not only on the methodology followed. These landslide susceptibility maps can be used for optimum management by decision makers and land use planners, and also avoidance of susceptible regions in study area. Also, it is worth mentioning that the similar method can be used elsewhere in Iran where the same geological and topographical feature prevails.
